CHAPTER 7 DETERMINANTS OF TECHNOLOGY ADOPTION PROPENSITY OF CUSTOMERS: AN APPLICATION OF ORDERED LOGIT APPROACH
The tendency of the customers to embrace new and improved technologies has remained the focus of the organizations for more than a decade. Given high rate of technological obsolescence and distinct reaction of different customers towards technology, the need to analyze propensity of the customers towards adoption of new and improved technologies has been considered as one of the vital tasks for the business organizations (Ratchford and Barnhart, 2011) . More inclination customers have towards technology adoption, more will be the usage of technology. Considering this, various attempts have been made by the researchers to develop measures that provide a platform for assessing technology adoption propensity of the customers which includes development of TRI (Parasuraman, 2000) , TAP index (Ratchford and Barnhart, 2011) and TAI index (developed in the earlier part of the present study).
Although development of these indices present measures to assess the technology adoption propensity of the customers, yet to the best of our knowledge none of the studies in the research reservoir attempted to explore the reasons on account of which customers have varied level of TA propensity. Based on this premises, the present chapter has been framed so as to have an insight into the factors that influence the level of technology adoption propensity among the customers. In order to ascertain this, the present chapter has been partitioned into two sections. The section I has discussed segmentation of the sampled respondents based on their propensity to adopt the technology followed by critical examination of the factors that contribute towards the assorted level of technology adoption propensity of customers in the section II.
The null hypothesis set for the present composition is H 07.1 : There is no significant difference amongst the customers having varied level of technology adoption propensity.
Section I

Segmentation of Customers on the basis of Technology Adoption Propensity
In order to ascertain segments of the customers based on their propensity to adopt technology, the results of TAI computed in the previous part of the present study have been considered. The development of TAI has unveiled a measure to assess TA propensity of the customers through seven dimensions (i.e., seven personal traits), namely, OP, IN, RT, SE, SI, HB and PS. The contribution of these seven dimensions in depicting the technology adoption propensity of the customers has been recognized through weights computed by employing EFA based index development methodology. These weights combined with the scores of the respondents on each of the seven personal traits are being used to estimate the TA propensity of the respondents. In view of this, average scores of the respondents with respect to each of the seven aforementioned personal traits are ascertained as all the seven aforementioned personal traits have been assessed on different level of measures. Thereafter, primarily, weight of each personal trait has been multiplied with the average score of the respective personal trait for each respondent and all the resultant values have been summed up to obtain TAI score of the respective respondent.
To make the calculations more lucid, the computation procedure of TAI scores have been illustrated in the Box 7.1. Implementing the same procedure, TAI scores for the entire 1201 sampled respondents have are computed (as given in Appendix VIII). Based on these TAI scores, respondents have been segmented into four categories by employing quartile based segmentation approach. This approach is considered as one of the effective techniques that result into the formation of relative categories inferring some kind of order (Hyndman and Fan, 1996; Falah et al., 1994) . Also, the quartile based segmentation results into the formation of the categories having between-the-groups heterogeneity and within-thegroup homogeneity (Marmolejo-Ramos and Tian, 2010) . Hence, the said procedure is adopted in the present portion of the study for segmenting respondents into four categories with distinct level of TA propensity.
Accordingly, the application of quartile based segmentation has provided three TAI values, i.e., quartile 1 (Q1) = 3.43, quartile 2 (Q2) = 4.27 and quartile 3 (Q3) = 4.92. On account of this increasing pattern of TA propensity of the respondents from C1 to C4, these categories have been labeled as lowest TA propensity (LTAP) category (C1), lower TA propensity (LoTAP) category (C2), higher TA propensity (HiTAP) category (C3) and highest TA propensity (HTAP) category (C4). Accordingly, the total numbers of respondents falling in each of the four categories are found to be 300, 303, 304
and 294 for LTAP, LoTAP, HiTAP and HTAP category, respectively.
Further it is required to examine, whether significant difference exist across all the four categories of respondents having distinct TA propensity? In order to ascertain this, one way analysis of variance (ANOVA) approach has been employed since the total number of groups into consideration are more than two (Hair et al., 2012) . The ANOVA approach is based on the assumption that there exists no significant difference acorss the groups. Hence, null hypothesis set in this case:
H 07.2 : There exists no significant difference in the respondents belonging to the four categories with regard to their TA propensity. Table 7 .2) describe the characteristics of the respondents having distinct level of TA propensity on account of the seven aforementioned personal traits. Table 7 .2).
Section II
Determinants of Technology Adoption Propensity of the Customers
The present attempt is novel in nature in exploring the antecedents of the varied level of TA propensity of the banking customers in India and thus, substantial literature has not been found in this regard. On account of this, various technology adoption related facets, namely, PU, PEOU, FC, BI Att and socio-economic characteristics (i.e., age, FI and Qual) have been taken. These facets have been found to play significant role in the technology adoption phenomenon of the customers as explored from the extensive review of the literature (Walczuch et al., 2007; Yu, 2014; Venkatesh et al., 2003; Davis et al., 1989; Meuter et al., 2000; Ratchford and Barnhart, 2011; Parasuraman, 2000; Compeau and Higgins, 1999) as well as from the results of ITA model discussed earlier in the present study. Further, FV, EV, EmV and SV have also been included as independent variables in order to explore whether customer value levels affect the TA propensity of the banking customers in India? because relevant literature has stated that the continuous adoption of the technology depends on the value perception of the customers regarding the technology (Khadem and Mousavi, 2013) . Accordingly, the Table 7 .3 summarizes information on these facets which are considered as independent variables in the present part of composition. 
Description of Multiordered Logit Regression Model
In order to analyze antecedents of TA propensity of the customers, multiordered Logit (oLogit) regression approach has been employed as the dependent variable is a qualitative ordered variable with multiple categories (Greene, 2003; Christensen, 2015) , i.e., four Accordingly, in the present study, the multiordered logit model developed is: PU, PEOU, FC, BI, Qual, FV, EV, EmV, SV, Age, FI, Att) 
Suitability of Multiordered Logit Regression Model
The oLogit model compares multiple ordered logit categories simultaneously in a single model based on the assumption that the relationship between each pair of the outcome groups would be same (Williams, 2015; Long and Freese, 2006 (Williams, 2015; McCullagh, 1980; Bender and Grouven, 1998 Besides, in the oLogit model, there is also listing of the log likelihood at each iteration depicted by the values of iteration. On the pattern of binary and multinominal logit models, the oLogit model also follows maximum likelihood estimation approach which is an iterative procedure (Williams, 2015) . The first iteration (Iteration 0) is the log likelihood of the empty model which is a model without predictors. Thereafter, in the succeeding iterations, the predictors are included in the model and the procedure of inclusion continues upto the stage when the discrepancy between the successive iterations will be meager. The level where the difference in the successive iterations will be least, the iteration will be stopped and the model will said to be converged (Long and Freese, 2006) . In context to the present study, the values of the five iterations (from Iteration 0 to 4) reveals that the model has converged at iteration 4 as the difference between iteration 3 and 4 is found to be minimum. The value of iteration 4 is the log likelihood of the fitted model and is utilized to compute the χ 2 statistics depicting model fitness.
Further, a look at the Z-statistics (refer Table 7 (Williams, 2015) . In the present case, three cut points have been calculated (refer 
Role of Technology Attributes in Determining Technology Adoption
Propensity of the Customers
The results of oLogit model unveil statistically significant impact of PU on the TA propensity of the customers. The positive coefficient value, i.e., β value (refer Table 7 From the results of odds ratios, it seems that the customers who perceive technology useful in serving their banking needs are also likely to enhance their propensity towards technology adoption and vice-versa. Hence, banks may leverage upon this belief of the customers in order to enhance their tendency towards technology adoption by explaining them the benefits of using the technology. Supplementing the relationship between TA propensity and PU, it has also been found that the probability of customers falling in the category of higher TA propensity is 7.3 per cent more in case the customers perceive technology useful in serving their banking needs. In case of banking technologies, the ability of the technology to perform activities including instant money transfers, draft requests, bill payments, TDS, etc., make the technology more useful for serving the banking needs of the customers on account of which their likelihood to adopt the technology also get enhanced (Kesharwani and Bisht, 2012) and this might be one of the reasons for significant impact of PU on TA propensity of the customers in the present case.
Besides, another technology attribute, i.e., PEOU fail to exhibit significant impact on the TA propensity of the customers (as depicted through lower z-statistics value in the Table 7 .5). This indicates that the banking customers in India have given less preference to ease involved in operating the technology while developing the tendency of adopting the technology. Instead the banking customers in India have been found to consider perceived usefulness more important while shaping their propensity towards technology adoption.
Role of Facilitating Conditions in Determining Technology Adoption
Propensity of the Customers
An insight into the relationship between FC and TA propensity of the customers has indicated that more the customers are facilitated for operating the technology, more will be their propensity to adopt the technology as reflected through statistically significant (p < 0.01) and positive coefficient value (refer Table 7 .5).
It has been found that there are 1.172 odds in favour of the customers to fall in the category having higher TA propensity, in case such customers are being provided with requisite infrastructure which facilitate them while operating the technology. Supporting these results, the marginal effects estimate also reveals that there is 2.4 per cent probability that the customers will fall in the higher TA propensity category provided that they are being facilitated with the appropriate support required for operating the technology. Presence of requisite support, such as, technical support, manual support, etc.
make the use of the technology smooth for the customers on account of which they tend to use technology regularly for serving their needs and might lead towards augmented TA propensity (Keller et al., 2007; Liao et al., 1999) . 
Role of Behavioural Intentions in Determining Technology Adoption
Propensity of the Customers
The intentions of the customers towards technology adoption are also found to exhibit positive significant impact on their TA propensity. It has been found that there are 1.967 odds in favour of customers with favourable behavioural intentions to fall in higher TA propensity category. This depicts that enhancement in the intentions of the customers towards technology adoption also increases their propensity to adopt the technology and vice-versa. Supporting this, value of marginal effects reveals that there is 10.3 per cent probability that the customers with favourable behavioural intentions possess higher TA propensity than those having comparatively less intentions towards the adoption of the technology. The underlying explanation can be that the customers having favourable behavioural intentions towards technology adoption consider technology useful and effective in serving their banking needs on account of which their tendency towards technology adoption also gets enhanced (Cheng et al., 2006) .
Role of Customer Value in Determining Technology Adoption Propensity of the Customers
The results of the model also depict that the value dimensions, namely, EV (p < 0.01), EmV (p < 0.05) and SV (p < 0.01) have statistically significant impact on the TA propensity of the customers. The positive coefficient values (refer Table 7 .5) reflect that enhancement in EV, EmV and SV also enhances the propensity of the customers towards technology adoption.
Similarly, the odds ratio value depicting relationship between EV and TA propensity indicates that there are 1.523 more odds in favour of customers to fall in the higher TA propensity category in case they derive more economical utility from the use of latest banking technological developments. The customers who perceive that the latest banking technological developments are providing cost effective methods of carrying out their banking transactions also enhance their tendency of adopting technology. Further, the results of marginal effects are also found to support the results of odds ratio. It has been found that the probability of the customers with enhanced assessment of latest banking technological developments on EV to fall in higher TA propensity category is 6.4 per cent.
Also, the results of the categorical model (refer Table 7 .5) highlight statistically significant role of EmV (p < 0.05) in shaping the TA propensity of the customers. Indeed, enhancement in EmV is found to have impact on the TA propensity of the customers as reflected from positive coefficient values. The review of odds ratio implicates that the odds of reporting the customers in higher TA propensity category are 1.361 times more in case the customers assess the latest banking technological developments high on emotional value. In other words, the customers who believe that the use of latest banking technological developments arouse affective state, such as, feeling of comfort, excitement, etc. are found to have higher propensity towards technology adoption and vice-versa.
Similarly, the results of marginal effects also depicts that there are 4.7 per cent chances of the customers to fall in higher TA propensity category if they perceive to derive maximum emotional utility out of the use of latest banking technological developments.
Further, the probability that the customers fall in higher TA propensity category in case they assess the latest banking technological developments high on social value comes out to be 6.6 per cent. Supporting these results, the odds ratio value depict that the odds of customers to fall in higher TA propensity category are 1.546 times more provided that the customers assess the latest banking technological developments high on social value. In other words, the degree to which the customers who believe that the use of latest banking technological developments enhance their social status, prestige, etc. in the society have more propensity towards technology adoption. The same relationship has also been explored from the positive coefficient value narrating relationship between SV and TA propensity.
Besides, results of ologit (refer Table 7 .5) indicates statistically insignificant relationship between FV and TA propensity of the customers. It seems that the performance utility derived from using the latest banking technological developments has been given less preference by the banking customers in India while developing the tendency towards technology adoption instead the customers are found to be more concerned regarding EV, EmV and SV.
Role of Socio-Economic Characteristics in Determining Technology Adoption propensity of the Customers
While exploring impact of socio-economic characteristics on the TA propensity of the customers, age and FI are uncovered as significant determinant of TA propensity of the customers (p < 0.01). While, qualification has shown no statistically significant impact (p > 0.05) on the technology adoption propensity of the four categories of the customers in the present composition.
The negative but statistically significant coefficient value representing relationship between age and TA propensity of the customers divulges inverse relationship. It seems that progression in the age of the customers decreases their tendency to embrace new and improved technologies. It has been found that there are 0.802 odds against age of the customers.
Also, the value of marginal effect estimate is found to be in support with the results of odds ratio as well as coefficient value. The marginal effect value (refer Table   7 .5) depicts that there is 3.3 per cent probability of the customers to fall in lower TA propensity category than the higher TA propensity category as they progresses in age, thereby, confirming inverse impact of age on TA propensity of the customers. The review of the literature has pointed out that the customers, higher in age have set belief and value system developed over the period of time which are hard to change. This rigid belief and value system makes the customers more reluctant towards the adoption of new and improved technologies (Karjaluoto et al., 2002; Hitt and Frei, 2002; Van Ittersum et al., 2006 ) which might also be responsible for inverse relationship between age and the TA propensity of the customers in the present case.
Not only age, but FI also cause statistically significant impact on the TA propensity of the customers (p < 0.01). But unlike age, FI has shown positive effect on the TA propensity of the customers as spotted by the positive coefficient values (refer Table   7 .5). Confirming this, the result of marginal effect reveals that there is 6.6 per cent probability of the customers to fall in higher TA propensity category in case their FI enhances. In the same direction, the odds ratio statistics states that there are 1.540 odds in favour of customers having higher FI to fall in the category having higher TA propensity (given that the other independent variables in the model are held constant). Thus, the estimated coefficient value implicate that the customers with high family income have high technology adoption propensity and vice-versa. These results are found to be in convergence with the studies, such as, Gilly and Zeithaml (1985) ; Morris et al. (2005);
Agarwal and Prasad (1999), etc., wherein, it has been explained that the availability of abundant finances at the discretion of the customers induces their tendency of adopting the technology unlike customers with low income (having low financial resources at disposal) who have been found to show reluctance while adopting the technology due to financial constraints.
Besides, the results of oLogit regression highlight statistically insignificant role of educational qualification of the customers in shaping their level of TA propensity as depicted through statistically insignificant z-statistic value (refer Table 7 .5). This has given a picture that the educational qualification of the customer does not alter their tendency of using the technology. In this regard, Kim et al. (2005) Likewise, the cut 3 value equals to 2.449 depicts that the customers with scores ranging from 0.729 to 2.449 can be categorized as HiTAP customers if these customers possess lower age and score relatively higher on all the latent variables than the customers in LoTAP category. But in comparison with HTAP customers, HiTAP customer have higher age and scored relatively lower on all the latent variables. Further, the cut 3 value also reflects that the customers with score more than 2.449 include those having relatively higher TA propensity (i.e., they belong of HTAP category) than the customers in the other three categories provided that they have lower age but score relatively higher on all the latent variables than the customers in the other three categories (i.e., LTAP, LoTAP and HiTAP).
To conclude, the present discussion attempts to identify determinants of varied level of TA propensity of the customers. To serve the purpose, the sampled customers have been segmented into four ordered categories depicting varied level of TA propensity of the customers by employing quartile based segmentation. Since the respondents have been classifed into four categories, the results of the present composition unveil the antecedents that affect the position of the customers in either of the four ordered categories. Accordingly, the results have highlighted nine statistically significant determinants of TA propensity of the customers, namely, PU, BI, EV, EmV, SV, Att, FC, age and FI, thereby, partially rejecting the hypothesis H 07.1 . Further, PU, BI, EV, EmV, SV, Att, FC and FI have shown statistically significant positive impact on the TA propensity of the customers, whereas, age has been found to exhibit statistically significant negative impact on the level of TA propensity of the customers. To the best of the knowledge, the study of this kind has not been conducted earlier in technology adoption literature. However, the results of the study have depicted that the factors (i.e., PU, BI, Att, FC, age and FI) not only affect the decision of the customers to adopt technology (Walczuch et al., 2007; Yu, 2012; Park, 2007; Md. Shoki et al., 2013; Aboelmaged and Gebba, 2013; Hamid, 2012; Ho and Ko, 2008; Rajagopal, 2006) but also affect their level of adopting such technologies. Further, the statistically significant association of EV, EmV and SV with TA propensity narrates that the value perceptions of the customers affect their propensity towards technology adoption.
